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estuarine	 indentations	 (~3,500	miles	 of	 tidal	 shoreline	 within	 220	miles	 of	 coast),	 and	 an	 expanding	
aquaculture	 industry,	which	makes	 it	a	prime	case-study	 for	using	Landsat	8	data	 to	provide	products	
suitable	 for	aquaculture	site	 selection.	We	collected	 the	Landsat	8	 scenes	over	coastal	Maine,	 flagged	
clouds,	atmospherically	corrected	the	top-of-the-atmosphere	radiances,	and	derived	time	varying	fields	
(repeat	time	of	Landsat	8	is	16	days)	of	temperature	(100	m	resolution),	turbidity	(30	m	resolution),	and	
chlorophyll-a	 (30	 m	 resolution).	 We	 validated	 the	 remote-sensing-based	 products	 at	 several	 in	 situ	
locations	along	the	Maine	coast	where	monitoring	buoys	and	programs	are	in	place.	Initial	analysis	of	the	
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site	 selection	 (e.g.	 Thomas	 et	 al.,	 2011).	 By	 visually	 inspecting	 information	 products	 calculated	 from	





the	 suitable	 habitat	 for	 oyster	 aquaculture	 is	 located.	 The	 Thermal	 Infrared	 Sensor	 (TIRS)	 and	 the	
Operational	Land	Imager	(OLI)	are	sensors	on	the	Landsat	8	satellite,	launched	February	11,	2013.	These	
sensors	have	both	the	spatial	resolution	(100	m	for	infrared	data	and	30	m	for	multi	spectral	visible	data)	
and	 the	 necessary	 signal	 to	 noise	 ratio	 to	 provide	 useful	 temperature	 as	well	 as	 ocean	 color	 derived	
products	 along	 the	 Maine	 coastline	 (Vanhellemont	 and	 Ruddick,	 2014).	 In	 this	 paper,	 we	 used	 a	
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combination	 of	 empirical	 and	 analytical	 approaches	 to	 derive	 temperature,	 turbidity	 and	 chlorophyll	
products	from	Landsat	8	Operational	Land	Imager	(OLI)	and	Thermal	Infrared	Sensor	(TIRS)	data	for	the	
coast	of	Maine.	
Although	 it	 was	 designed	 for	 terrestrial	 monitoring,	 Landsat	 8	 data	 can	 be	 used	 for	 marine	
applications	 if	a	 reliable	atmospheric	 correction	 is	applied.	An	atmospheric	 correction	 is	necessary	 for	
satellite	remote	sensing	because	in	the	visible	wavelengths	the	signal	observed	by	the	satellite	is	reflected	












Ocean	 color	 measurements	 can	 be	 used	 to	 describe	 components	 of	 water	 quality,	 such	 as	
turbidity	and	chlorophyll-a	(Chl	a)	concentration	(O’Reilly	et	al.,	1998).	Algorithms	have	been	developed	
that	 can	 estimate	 concentrations	 of	 these	 components	 by	 1)	 retrieving	 radiant	 flux	 from	 the	 target	
surface,	2)	correcting	for	the	signal	from	the	atmosphere,	3)	transforming	radiant	energy	collected	by	the	









types	 of	 ecophysical	 models.	 Habitat	 suitability	 models	 were	 first	 applied	 to	 the	 restoration	 of	 the	
American	oyster,	Crassostrea	 virginica,	 on	 the	warm	 southeast	Atlantic	 coast	of	 the	U.S.	 (Cake,	 1983;	
Soniat	and	Brody,	1988;	Barnes	et	al.,	2007).	These	models	 considered	bottom	substrate	and	suitable	
salinities	 to	 maximize	 oyster	 survival	 in	 relation	 to	 siltation	 and	 protozoan	 parasites.	 More	 recently,	
Radiarta	et	al.	(2008)	used	satellite	imagery	of	Chl	a	and	sea	surface	temperature	(SST),	and	weighted	bio-












pixel-size	 SPM	 distributions	 derived	 from	 MODIS	 to	 provide	 a	 spatial	 picture	 of	 the	 impact	 of	 SPM	
concentration	on	oyster-farming	sites.	
Crassostrea	 virginica	 is	 somewhat	 unusual	 in	 that	 its	 filtration	 rate	 is	 a	 strong	 function	 of	
temperature	 from	8°C	 to	 a	maximum	at	 30°C	 compared	 to	 other	 bivalves	where	 the	 filtration	 rate	 is	
relatively	 independent	of	water	 temperature	 (Loosanoff,	1958).	 	Therefore,	 temperature	 is	of	primary	
importance	in	site	selection	for	oyster	aquaculture	in	the	relatively	heterogeneous	and	strongly	seasonal	
sea	surface	temperature	regime	of	the	colder	Maine	waters.	Bivalve	feeding	and	growth	is	also	a	positive	







Another	 important	 factor	 in	 oyster	 site	 selection	 is	 water	 velocity,	 which	 delivers	 food	 to	
populations	of	oysters	at	commercial-scale	densities.		Congleton	et	al.	(1998)	developed	a	GIS	system	that	











waters.	 We	 computed	 uncertainties	 based	 on	 match-ups	 between	 local	 data	 and	 that	 derived	 from	
satellites	 and	discuss	how	 temporal	 and	 spatial	 sampling	and	adjacency	effects	 affect	 the	accuracy	of	









The	coast	of	Maine	 includes	a	 series	of	 fjards	 (shallower	and	broader	 fjords)	and	 jagged	embayments	
carved	 by	 receding	 glaciers	 during	 the	 Pleistocene	 epoch.	 In	 situ	 samples	 were	 collected	 and	 ocean	
monitoring	 buoy	 systems	 were	 maintained	 in	 two	 of	 these	 estuaries,	 the	 Damariscotta	 River	 and	
Harpswell	Sound,	over	the	course	of	several	years	and	we	used	them	here	to	validate	Landsat-8	derived	
products	on	the	Maine	coast	(triangles	on	Figure	1).	We	chose	to	focus	on	the	Damariscotta	River	because	



























imagery	 (similar	 to	 Thomas	 et	 al.,	 2002).	 This	 regression	 process,	 de-facto,	 acts	 as	 the	 atmospheric	
































































each	 individual	satellite	 image,	the	darkest	 lake	(where	R,-(443)	 is	near	zero)	was	used	to	determine	
angstrom	 coefficient.	 Analysis	 of	 a	 sample	 of	 water	 from	 one	 of	 these	 lakes	 verified	 that	 the	








𝑇 = 	𝐴; 𝜌'1 − 𝜌'/𝐶; [𝑔𝑚DE]																																																									(1)							





logLM 𝑐ℎ𝑙𝑜𝑟_𝑎 = 	𝑎M + 	 𝑎U logLM 𝑅"# 𝜆%WXY𝑅"# 𝜆*"YYZ U[U\L 																																									(2)	
where	aM	and	a_	are	sensor	specific	coefficients,	and	R,- λabcd 	and	R,- λe,ddf 	are	the	greatest	of	values	
from	443>483	and	555	nm,	respectively,	on	the	OLI	sensor	aboard	Landsat	8	(NASA,	2016).	(Note:	SeaDAS	







data	 from	 water	 samples	 and	 three	 oceanographic	 buoy	 observing	 systems.	 Historical	 data	 was	
downloaded	 from	 the	 NERACOOS	 (Northeastern	 Regional	 Association	 of	 Coastal	 Ocean	 Observing	
Systems)	 buoys	 E01	 and	 I01	 operated	 by	 the	 University	 of	 Maine,	 Orono,	 in	 the	 Gulf	 of	 Maine,	 a	
Land/Ocean	Biogeochemical	Observatory	(LOBO)	buoy	at	Bowdoin	College	in	Harpswell	Sound,	and	two	






and	 2016.	 Data	 were	 collected	 from	 the	 UMaine	 LOBO	 buoys	 in	 the	 Damariscotta	 River,	 and	 were	
measured	by	a	WET	Labs	WQM	sensor	capable	of	measuring	turbidity	from	0	–	25	NTU	(that	measure	light	















conditions	 for	growing	market	 sized	oysters	 in	 surface	culture.	The	criteria	 for	 the	 index	were	chosen	
based	on	published	studies	of	environmental	effects	on	oyster	growth,	recognizing	that	the	concentration	
of	organic	detritus,	known	to	be	an	important	component	of	oyster	diet,	was	not	available.	Temperature	







oyster	 feeding	 at	 high	 concentrations,	 by	 diluting	 algal	 cells	with	 largely	 inorganic	matter.	Haven	 and	
Morales-Alamo	 (1966)	 observed	 large	 amounts	 of	 pseudofeces	 production	 by	 Eastern	 oysters	 at	
concentrations	of	suspended	particulate	matter	above	10	mg	L-1,	thus	we	gave	turbidity	a	weight	of	5%	
and	designated	poor	conditions	as	greater	than	10	μg	L-1,	moderate	conditions	between	8	and	10	μg	L-1	
and	 ideal	conditions	under	8	μg	L-1.	 	Hoffman	et	al.	 (1992)	also	modeled	oyster	 filtration	as	a	positive	
function	of	water	temperature	and	a	negative	function	of	high	suspended	loads.			
		 These	relative	weights	were	chosen	as	a	starting	point	for	the	index	and	could	be	refined	in	future	
iterations	 to	 optimize	 the	 index	 (Gong	 et	 al.,	 2012),	 by	 doing	 a	 sensitivity	 analysis	 of	 the	 relative	
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importance	 of	 the	 factors	 concomitant	 with	 growth	 measurements	 and	 growth	 model	 outputs.	 The	
resulting	Oyster	Suitability	Index	is	the	sum	of	the	weighted	conditions	on	a	scale	from	0	to	1,	where	pixels	
with	a	value	of	1	represent	waters	where	an	oyster	is	likely	to	grow	to	market	size	within	2	years:	
𝑂𝑆𝐼 = 𝑆𝐼U×𝑤UZU\L 																																																																					(3)	
where	𝑆𝐼U is	the	value	of	the	environmental	variable	i,	𝑤U	is	the	weight	of	the	variable	i,	and	n	is	the	number	





























































standard	deviation	of	 chlorophyll-a	 for	 four	 hours	 at	 each	buoy.	 Buoy	 chlorophyll-a	was	 corrected	by	
































view	of	 the	 imager	affects	a	pixel	within	 the	 field	of	view.	Fortunately,	most	water	along	 the	coast	of	
Maine	is	vigorously	tidally	mixed	(~3	m	tidal	range),	and	thus	data	from	the	center	of	channels	can	be	
used	to	infer	the	SST	concentrations	throughout	those	channels	(Thornton	and	Mayer,	2015).	Within	the	
estuaries,	 however,	 a	 TIRS	 pixel	 (which	 is	 three	 times	 as	 wide	 as	 an	 OLI	 pixel)	 next	 to	 land	may	 be	
incorrectly	colder	(if	the	land	is	colder)	or	warmer	(if	the	land	is	warmer).	However,	the	match-ups	with	
temperature	 and	 turbidity	 products	 suggest	 adjacency	 and	 stray	 light	 have	 not	 degraded	 the	 data	
significantly,	and	differences	are	likely	due	to	noise	as	opposed	to	systematic	bias.	
4.2.	Limitations	in	Validation	Process	
Validation	of	 Landsat	8	 imagery	with	 in	 situ	measurements	 is	necessary	 to	assess	 the	accuracy	of	 the	
algorithms	 for	 retrieving	 bio-physical	 products.	 Some	of	 the	discrepancy	 between	 in	 situ	 and	 satellite	
matchups	can	be	explained,	while	others	 require	 further	 investigation.	One	reason	 that	Landsat	8	SST	
values	may	be	higher	than	most	buoy	measurements	(Fig.	3)	is	because	the	SST	estimates	come	from	light	
emitted	 from	 the	 top	 few	micrometers	 of	 the	 sea	 surface,	while	 the	 buoy	 sensors	 are	 located	 about												
1.5	m	below	the	surface.		In	the	day	time	images,	the	subsurface	water	is	likely	cooler	than	the	surface	







the	 LOBO	buoys:	 at	 low	 tide,	 there	 are	 elevated	 levels	 of	 turbidity	whereas	 at	 high	 tide	 there	 is	 less	
turbidity	(due	to	the	increase	in	turbidity	from	the	mouth	to	the	end	of	the	estuary).	The	horizontal	error	
bars	in	Figure	5	represent	the	variability	during	a	four-hour	period	around	each	satellite	overpass	time,	
and	 highlight	 the	 importance	 of	 simultaneous	 sampling	 for	 in	 situ	 -	 satellite	matchups.	 The	 turbidity	
algorithm	performs	well	within	our	uncertainties	in	this	context.	








Non-photochemical	 quenching	 (NPQ;	 when	 phytoplankton	 decrease	 their	 fluorescence	 at	 a	
maximum	light	harvesting	level,	e.g.	Cullen,	1982)	contributes	to	variability.	However,	we	find	nighttime	




The	 blue	 channel	 is	 especially	 affected	 by	 colored	 dissolved	 organic	 material	 (CDOM).	 Independent	
changes	of	CDOM	will	affect	the	OC3	chlorophyll	estimate	(Siegel	et	al.,	2005).	Along	the	coast	of	Maine,	
where	 there	 are	 coastal	 forests	 and	marshes,	 CDOM	 is	 in	 high	 concentration	 and	 variable	 (Roesler	&	
Culbertson,	2016).	 In	coastal	areas	and	estuaries	 rich	 in	CDOM	it	 is	 likely	 that	absorption	by	dissolved	































































for	 aquaculture	 site	 prospecting.	 We	 recommend	 adding	 thermal	 bands	 to	 future	 high	 resolution	
missions,	as	more	frequent	SST	data	will	assist	both	site	selection	for	aquaculture	and	other	applications.	
Future	work	improving	biogeochemical	local	algorithms,	refining	the	atmospheric	correction,	and	adding	
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Beginning	 with	 a	 relationship	 between	 𝑅"#(443),	 and	 the	 absorption	 and	 backscattering	
coefficients	 (e.g.	 Wang	 et	 al.,	 2005)	 of	 water	 (subscript	 w),	 dissolved	 substances	 (subscript	 g)	 and	
particulate	substances	(subscript	p):	






























































SST	[˚C]	 SST	>	22		 22	>	SST	>	20		 20	>	SST	 0.8	
























OSI	score	 0.94	 0.90	 1.0	 0.84	 0.84	 0.78	
SST	[˚C]	 24	 22	 23	 24	 22	 22	
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APPENDIX	C.	AVERAGED	MONTHLY	SATELLITE	DATA	
	
Figure	C.1.	Sea	surface	temperature	derived	from	Landsat	8	data	averaged	over	all	images	in	July	from	
2013	to	2016.	
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Figure	C.2.	Turbidity	derived	from	Landsat	8	data	averaged	over	all	images	in	July	from	2013	to	2016.	
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Figure	C.3.	Chlorophyll	a	derived	from	Landsat	8	data	averaged	over	each	image	in	July	from	2013	to	
2016.	
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APPENDIX	D.	STANDARD	DEVIATION	OF	MONTHLY	CLIMATOLOGY	MAPS	
	
Figure	D.1.	Standard	deviation	of	monthly	averaged	sea	surface	temperature	data	in	July	from	2013	to	
2016.	Higher	variability	near	river	mouths	indicate	differences	in	temperature	due	to	riverine	output.	
Dark	areas	may	be	poorly	masked	clouds	or	atmospheric	artifacts.		
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Figure	D.2.	Standard	deviation	of	monthly	averaged	turbidity	data	in	July	from	2013	to	2016.	High	
variability	in	the	bottom	left	corner	reveal	a	striping	effect	in	one	of	the	four	compiled	images.	Dark	
areas	may	be	poorly	masked	clouds	or	atmospheric	artifacts.		
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Figure	D.3.	Standard	deviation	of	monthly	averaged	chlorophyll	a	data	in	July	from	2013	to	2016.	
Variability	of	chlorophyll	a	in	the	upper	estuaries	is	higher	than	variability	of	chlorophyll	a	offshore.	
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